Powerful algorithms have been developed for the discovery of bacterial transcription factors binding sites but automatic de novo identification of the main regulons of a bacterium from genome and transcriptome data remains a challenge. To address this task, we propose a statistical model of the DNA sequence that can use information on exact positions of the transcription start sites and condition-dependent expression profiles. Two main novelties of this model are to allow overlaps between motif occurrences and to incorporate covariates summarizing expression profiles into the probabilities of motif occurrences in promoter regions. Covariates may correspond to the coordinates of the genes on axes such as obtained by Principal Component Analysis or Independent Component Analysis, or to the positions of the genes in a tree such as obtained by hierarchical clustering. All parameters are estimated in a Bayesian framework using a dedicated trans-dimensional Markov chain Monte Carlo algorithm that adjusts, simultaneously, for many motifs and many expression covariates: the width and palindromic properties of the corresponding position-weight matrices, the number of parameters to describe position with respect to the transcription start site, and the choice of relevant covariates. A data-set of 1,512 transcription start sites and 165 expression profiles available for Listeria monocytogenes served to validate the approach, which proved able to predict regulons corresponding to many known transcription factors (SigB, CcpA, Rex, LiaR, Fur, LexA, VirR, Spx, BglR2, SigL, PrfA). The results provides thus a new global prediction on the transcription regulatory network of this model food-borne pathogen. For instance, a previously unreported motif was found upstream the promoters controlling the expression of many ribosomal proteins which suggests that an unknown transcription factor might play an important role in the regulation of growth.
z m,n , with the event {z m,n > 0} corresponding to the occurrence of motif m in sequence 142 n, which corresponds also to {a m,n > 0}. probability of motif occurrence allowed by the simple probit model and by our extension 184 involving binarization. 185 Handling trees as covariates 186 Further extending the model described by Eq (2) and Eq (3), we consider that covariates 187 can come not only in the form of vectors of continuous variables but also in the form of 188 trees. Indeed, the binary representation of the covariates makes it also possible to 189 incorporate whole tree structures in the regression model. In this case, the binarization 190 breakpoint is located along the branches of the tree instead of along a simple axis. 191 In our context, the trees are obtained by usual techniques of hierarchical clustering. 192 They are thus rooted binary trees in which all the leaves are at a same distance from 193 the root. Such a tree covariate c, contains N − 1 internal nodes and can be conveniently 194 encoded (topology and branch lengths) as a vector of internal node heights The vector h c and the two-columns matrix s c , taken together, replace the vector y c 202 when the covariate c is a tree. Furthermore, g m,c = 1 since trees can be accommodated 203 by our model only in the form of binarized covariates. Compared to a covariate of type 204 "vector", the interpretation of the h m,c is slightly changed such as it identifies a subtree 205 (i.e. a row in matrix s c ). The mapping of the covariate toỹ m,n,c , is also adapted. We otherwise, where we use the notation |h m,c | for the number of sequences in the subtree 208 h m,c . Figure 2C illustrates how the selection of a subtree allows to associate different 209 probability of motif occurrence to different sequences.
210
Modeling occurrence position with respect to the TSS 211 We consider DNA sequences that are aligned with respect to experimentally determined 212 TSSs such that the position of motif occurrence encoded in a m,n corresponds to a 213 precise position relative to the TSS. when modeling the precise position of the motif with respect to the TSS in conjunction 225 with the relationship between expression data and probability of motif occurrence.
226
Another key benefit of allowing overlap between motif occurrences is to allow the 227 update motif width (w m ) without having to avoid motif collisions.
228
When o n,l motifs overlap position l in sequence n, x n,l is modeled as drawn from a 229 distribution that is the arithmetic mean of the PWM columns associated with the 230 different motifs which overlap. Namely, 231 π(x n,l |a, r, θ, o n,l ≥ 1) = 1 o n,l m∈O n,l θ m,l−am,n+rm,x n,l ,
where O n,l denotes the set of motifs that overlap position l, and θ m,w,u is the π(x n,l |a, b, r, θ) = I{b n,l = 0}θ 0,
where we use the notation θ 0,u1...uv,u for the probability of nucleotide u after the word 240 the model and thereby increase the amount of data available to estimate each parameter 248 and simultaneously decrease the size of the search space for the parameter values.
249
Instead of imposing a strict palindromic constraint on all or a subset of the motifs, 250 we developed a more flexible model that allows, for each motif m, intermediate states 251 between non-palindromic and fully-palindromic structures. This approach relies on the 252 introduction of a set of variables that define the active constraints on non-palindromic and palindromic motif representation which makes it possible to design 268 algorithms that gradually increase or decrease the number of free parameters in θ m .
269
Finally, while some level of palindromic structure is often obvious it may be unclear to 270 which extent a biological motif is fully palindromic or partially palindromic.
271
Bayesian inference
272
The priors that we used intend to be non-informative. Their choices takes also into 273 account considerations on the tractability of the MCMC updates and, as usual in 274 Bayesian inference, most of these priors are mutually independent conjugate priors [34] . 275 A Markov Chain Monte Carlo (MCMC) algorithm was built with the joint posterior 276 a, b, v, θ 0 , w, p, c, q, θ, r, k, d, λ, t, β, δ, h | x, y
as target distribution. Since the dimension of the target is high, this MCMC algorithm 277 is composed of many different steps whose purposes are to update separate subsets of 278 variables [33, 35] , a type of algorithm that has been referred to as block MCMC 279 sampler [36] . A sweep consists of different steps such as to allow the update of all the 280 variables. Each step is designed to preserve the target distribution by sampling from the 281 conditional distribution of a block of variables given all the other variables. The block 282 MCMC sampler that we implemented involves 14 types of steps that can be 283 conveniently divided into three categories: Metropolis-Hastings (MH) steps that consist 284 of drawing from a proposal distribution and applying an accept/reject procedure; Gibbs 285 steps that consist of sampling directly from the target (conditional distribution of the variables whose dimension is modified can be integrated-out, the Reversible-Jump MH 295 steps can be done in a Gibbs manner, i.e. direct sampling from the conditional 296 distribution of the variable that defines the dimension. We proceeded this way for the 297 joint update of (t m,c , g m,c , h m,c ) and for the joint update of (p m , c m , q m ). Correctness of 298 the MCMC algorithm was carefully checked by implementing a successive-conditional 299 simulator to reveal analytical and coding errors [38] .
300
This MCMC algorithm, whose all mathematical details are provided in S1 Appendix, 301 was implemented in C++ program called Multiple available at To define promoter sequences and to align them with respect to TSSs, we used the 307 repertoire of 2,299 TSSs mapped at 1 bp resolution on L. monocytogenes EGDe genome 308 sequence [30] . Promoter sequences were defined as the 121 bp spanning from position 309 -100 to +20 relative to each TSS, in keeping with the size of the regions that we 310 previously found to be enriched for the presence of known transcription factor binding 311 sites in Staphylococcus aureus [13] . The set of promoter sequences was further trimmed 312 to avoid overlaps on a same strand which would be misinterpreted by the model as 313 shared sequence features and thereby could cause false positive motif predictions. Since 314 each TSS is accompanied by a read count reflecting its level of experimental support 315 and transcriptional activity [30] , the trimming procedure kept the TSS with the highest 316 read count when choices were made to avoid overlaps of promoter sequences. In For the expression data, we relied on the compendium data-set established by 322 aggregation of data sets published in many different studies to build the listeriomics 323 website [31] . As downloaded, the data had dimensions 3,159×254, where each row 324 corresponds to one gene and each column corresponds to the log2 of an expression ratio 325 (log2 fold-change) comparing two samples (mutants, growth conditions, strains . . . ) 326 from a same study. All these studies used the genome and annotation of 327 L.monocytogenes EGDe as reference. Some columns (pairs of conditions) and rows 328 (genes) contained many missing values due the heterogeneity of technologies (one-and 329 two-color arrays, RNA-Seq) used by the different studies. The number of columns was 330 reduced from 254 to 165 after computing the median of the number of missing values 331 per column and discarding the columns with a number of missing values higher than 1.5 332 times this median. In parallel, the number of rows was reduced from 3,159 to 2,825 333 based on the same criterion. Finally, the gene name associated with each TSS [30] 334 permitted to match the 1,512 out of 1,545 non overlapping promoter sequences to one of 335 these 2,825 genes with expression data. This resulted in an expression data-set of 1,512 336 promoter sequences with 165 expression values. The 165 expression columns represented 337 31 published studies, and included 17 RNASeq profiles and 25 tiling array profiles.
Building covariates for motif discovery 339 Both hierarchical clustering and projection methods were used as dimensionality 340 reduction techniques to summarize the information of the expression data set 341 (dimension 1,512×165). Two types of hierarchical clustering were applied corresponding 342 to different options of hclust function provided by R stats package: Ward clustering and 343 average-link based on Pearson distance (1 − r, where r is Pearson correlation 344 coefficient). The distances needed to build the trees were computed after centering and 345 scaling of the rows (genes) of symmetrized expression matrix obtained by duplicating 346 each column (pairs of conditions) with a negative sign to remove the effect of the 347 arbitrary orientation of the log2 fold-changes.
348
As projection methods, we applied PCA and ICA implemented in functions prcomp 349 (package stats) and fastICA [39] of R without scaling the expression data. For PCA, we 350 kept as covariates for motif discovery the 20 first components of the PCA (accounting 351 for 68.8% of the total variance) after examining the rate of decrease of the residual 352 variance. When applying ICA, the target dimension (number of components) is fixed 353 before numerical optimization of the decomposition and the algorithm can converge to 354 different projections that share only a subset of their components. In keeping with the 355 idea developed by [26] , we choose the target dimension K after examining the stability 356 of the components and only stable components were used. Here, we used average-link 357 clustering based on absolute Pearson correlation coefficient (r) between columns of the 358 source matrix (dimension 1,512×K) and a cut-off |r| ≥ 0.8 to compare components 359 between runs. The target dimension was K = 40, the algorithm was run 100 times 360 which lead to 26 components found in at least 80% of the runs that were kept as 361 expression covariates for motif discovery. Examination of the dynamics of evolution of the parameters describing motif 372 components during MCMC runs confirmed that the algorithm was able to adjust 373 simultaneously the characteristics of many PWMs. To illustrate the algorithm behavior, 374 Fig 3A depicts the parallel evolution in a same MCMC of two PWMs in terms of width, 375 nucleotide composition, and palindromic structure. were used in our analysis to characterize the posterior distributions after recording the 387 values of the variables every 100 sweeps.
388
The 10 runs produced information on 750 (10 × 75) motif components that were 389 named from M1.0 (random seed 1, motif 0) to M10.74 (random seed 10, motif 74). We 390 analyzed and compared these motif components to extract distinct well supported 391 motifs that were not only stable across the last 10,000 sweeps but also found in at least 392 two runs. To declare that two motif components correspond in fact the same motif, we 393 compared the set of positions in the sequences that were predicted to be covered by the 394 occurrences of each motif, which summarizes the information of the different ingredients 395 of the motif model (nucleotide composition in PWM, preferential position with respect 396 to TSS, link with expression data). Namely, we considered the positions with estimated 397 posterior probability of coverage greater than 0.5 and the pairwise distance between two 398 motif components i and j was computed as
where N (i) and N (j) denote the total number of positions covered by each motif and distance that we observed between two motif components within the same run was 0.59 405 and 92.7% of the motif components where at distance ≥ 0.9 of any other motif 406 components from the same run. This shows that allowing motif occurrences to overlap 407 in the model is an effective strategy to enforce the convergence of motif components to 408 distinct motifs.
409
A comprehensive set of distinct well supported motifs were identified by average-link 410 hierarchical clustering of the 750 motifs based on the distance defined in Eq (7) . This 411 tree whose a section is shown in Fig 3B was cut at two different heights: 0.75 (i.e. 25% 412 of sequence positions covered by occurrences are shared between the two motifs) to 413 define high-level clusters that separate well-distinct motifs; 0.25 to define low-level 414 cluster containing very similar motifs (i.e. 75% of the sequence positions are shared).
415
High-level clusters are represented here by different colors. One representative motif was 416 selected for each high-level cluster that contained at least two motifs at distance less 417 0.25 (i.e. at least one low-level cluster). This representative was selected as the member 418 of the low-level clusters with the highest N (i) (see Eq (7); when no low-level cluster 419 existed the high-level cluster was not represented in the final list of motifs. This 420 procedure defined the set of 40 representative motifs reported in Table 1 . probability of being used greater than 0.9. As expected given that we did not try to 430 avoid redundancy between the covariates, the strong association with a specific 431 covariate did not cover all the cases of clear association between the presence/absence of 432 a motif and the expression covariates. For instance, none of the covariates fulfilled this 433 condition for M29.8 (SigB -10 box, see below) whereas the average number of expression 434 covariates used was as high as 4.38 and a clear association with expression data is captured by the extended probit model (see Fig 4DEF) . A total of 9 motifs were Examples are shown for four different motifs in subplots A, B, C, and DEF, respectively. Color gradient from blue to yellow (see color scale in subplot F) reflects the estimated probability of motif occurrence given by the extended probit model (i.e. summarizing the information from the expression data). Red dots indicate sequences in which the motif was predicted to occur after taking into account the nucleotide sequence information (estimated posterior probability of motif occurrence was ≥ 0.5). A and B correspond to links established without binarizing the covariate (g m,c = 0) while C and D correspond to cases where the covariate was automatically binarized (g m,c = 1). The juxtaposition of D, E and F illustrates a degree of redundancy between the covariates: for this motif (M29.8), several covariates are able to separate the sequences for which the probit model gives a high probability of motif occurrence (yellow points). structure). Table 1 summarizes the main characteristics of each motif. Fig 5 provides a 444 graphical representation for two of these motifs that includes a graphical representation 445 of the PWM as a sequence logo, the estimated probability density function for the 446 position of the motif occurrences relative to the TSS, and the average log2 fold-change 447 across expression conditions. Similar figures are available for all motifs in S1 Fig and   448 the numerical values of the PWM parameters are found in S1 File. The list of genes 449 associated with each motif and the exact position of occurrences are reported in S2 File 450 and S3 File. Three complementary approaches were used to identify links between the 40 motifs 452 discovered by our de novo approach and known regulons. The first was the comparison 453 with lists of genes collected from tables published in several expression studies and Among the other identified transcription factors, SigB and SigL were identified based on 472 position with respect to the TSS, comparison with sigma factor consensus defined for B. 473 subtilis [12] , as well as overlap with previous experimental data on SigL (also known as 474 RpoN or sigma54) and SigB regulons in L. monocytogenes [41] [42] [43] [44] . previously reported as probable members of the SigB regulon in either [43] or [44] . Spx 479 was identified based on (i) its position with respect to the TSS just upstream of the 480 SigA -35 box, (ii) sequence properties reported for Spx in B. subtilis described as an 481 AGCA element at position -44 [45, 46] , and (iii) literature data on the Spx-regulon of L. 482 monocytogenes [47] . PWMs found for PrfA and VirR, two key transcription regulator 483 involved in L. monocytogenes virulence, were in line with previously described sequence 484 properties [48] [49] [50] . Taken together, correspondences with known motifs validate our 485 approach for de novo discovery and suggest that other motifs listed in Table 1 may also 486 correspond to biologically relevant motifs.
487
Among the predicted regulons that we have not been able to connect to literature 488 data, the most spectacular by its size and the functional homogeneity of the regulated 489 genes (genes encoding the translation apparatus, including ribosomal proteins), is 490 associated with motif M58.7. Importantly, even when motifs could be linked to 491 previously known transcription factors, being able to identify them in a de novo and 492 automated manner can shed a new light on the corresponding regulons. For instance, 493 our results suggest that LiaR regulon may be about twice larger than previously 494 identified by differential expression analysis of the liaS-deletion mutant vs. 495 wild-type [51] . Ordered by the number of TSSs as in Table 1 , the predicted regulons for 496 which we have identified a transcription factor are: SigB, CcpA, Rex, LiaR, Fur, LexA, 497 VirR, Spx, BglR2, SigL, PrfA. The discussion section points, for some of these 498 transcription factors, to new biological observations made from these predictions.
499
Detailed information on the predicted regulons associated to each of the 40 motifs 500 can be found in S2 File in which transcriptional units defined by [30] were used to 501 propagate information of motif occurrence to downstream genes. Pearson correlation 502 computed on log2 expression ratios aggregated by [31] and operons delineated by [29] 503 are also reported to assess the level of support for propagated information. S3 File 504 reports the most likely positions of occurrences for the 40 motifs in the 1,512 promoter 505 regions (121 bp around the selected TSSs). We noted for instance from the positions of 506 occurrences reported in this table that occurrences of M20.1 and M63.1 occur 507 July 28, 2019 16/29 simultaneously in a longer highly conserved sequence element. Position information is 508 provided for 17,065 possible occurrences corresponding to those for which the posterior 509 probability of occurrence in the promoter sequence was estimated to be above 0.1.
510
Contributions of different sources of information to motif 511 discovery 512
To examine the contributions of different ingredients of our model to the results 513 obtained on the L. monocytogenes data set, we compared the results obtained with the 514 full model with those obtained with 5 other models that differed with respect to three 515 ingredients that they incorporate (position with respect to TSS, expression profiles, and 516 palindromic structures). Specifically, we tested 5 out of the 7 possible combinations that 517 discards one or more of these three model ingredients: we considered the effect of 518 removing a single ingredient (3 models), and also considered the 2 models that discard 519 both the information of preferential position with respect to the TSS and expression 520 profiles. Of note, even the simplest model still allow motif overlap and automatic 521 adjustment of motif width which are key ingredients of the approach developed here. As 522 nomenclature, we used t 1 e 1 p 1 for the full model and t 0 e 0 p 0 for the simplest model 523 where t stands for TSS, e for expression, and p for palindromic.
524
The results of the different runs were post-processed independently to identify the 525 set of stable motifs in each setting. A total of 208 stable motifs were identified (from 40 526 for t 1 e 1 p 1 to 28 for t 0 e 0 p 0 ). We used Eq (7) to build a distance matrix between the 527 motifs of the different settings. Table 2 provides a global view of the 40 motifs obtained 528 with the full setting, used as reference, and reports their closest matches that were 529 obtained with each of the other settings. Using a cut-off on the distance at 0.25, the 530 number of matches for the 40 motifs in the different settings varied from 18 for t 1 e 1 p 0 531 to 6 for t 0 e 0 p 1 and t 0 e 0 p 0 . These numbers show the strong impact of the different 532 model ingredients on the definition of the motifs and prediction of the targets. It is also 533 interesting to note that among the three ingredients tested, taking into account the 534 palindromic structure had the least overall impact on the results.
535
However, as expected given the diversity of the motifs, all the motifs were not 536 sensitive to the same model ingredients. For instance, only 1 motif had a match at 537 distance ≤ 0.25 in the 5 model settings tested (M62.3, Fur) but 25 motifs had at least 1 538 match in 1 of these 5 settings. Somewhat unsurprisingly, motifs sensitive to modeling 539 the exact position with respect to the TSS tended to have a more constrained position 540 of occurrence in the sequence (see column "Pos" in Table 2 ; e.g. SigB, BglR2, Spx), 541 motifs sensitive to taking into expression data tended to be associated with marked 542 variations of expression across conditions (see column "FC"; e.g. Sig B, LiaR, SigL,
543
PrfA), and motifs whose detection was sensitive to the modeling of the palindromic 544 structure were palindromic motifs (see column "Pal"; e.g. Rex, CcpB). Importantly, the 545 discovery or prediction of the motif occurrences of many known (and therefore 546 biologically relevant) motifs were sensitive to several ingredient of the model which 547 attests of the interest of an integrative statistical model.
548
Comparison with other methods 549 We also compared our results to those of different algorithms able to handle the data-set 550 of 1, 512 sequences and 1, 512 × 165 expression matrix for de novo motif discovery.
551
These algorithms are based on PWM estimation from the sole sequence data-set 552 (MEME, [8] ) or search specifically for motifs that are connected to the expression data 553 using motif representations that can be either consensus string written in IUPAC 554 degenerated symbols (FIRE and RED2, [7, 14] ) or PWMs (MatrixREDUCE, [16] ).
555
Input data, parameter settings, and results are detailed in S2 Appendix.
556
Motif discovery without auxiliary data using MEME (see S2 Appendix) returned up 557 to 8 motifs with E-value less than at 1. These motifs included motifs describing general 558 properties of the L. monocytogenes promoter regions, such as SigA -10 box, the 559 presence of a RBS and of T-rich elements (our M59.9), as well as more specific motifs 560 that are relatively abundant and/or of high information content such as M70.6, CcpA, 561 and Fur. A variant of the sequence element described by M20.1 and M61.3 is also found 562 (high information content, see column IC1 in Table 1 ).
563
The three algorithms (MatrixREDUCE, FIRE, and RED2) searching for motifs 564 related to expression data returned only short motifs (lengths up to 9) due to the use of 565 k-mers as seeds in the initial steps of the searches (see S2 Appendix). With some 566 parameter settings, they were all able to retrieve SigB -10 box (M29.8) which presents 567 the particularity of being abundant and to exhibit a strong link to expression profile. It 568 is also short and contains a stretch of adjacent high information content PWM columns 569 which makes it ideally suited for approaches based on k-mers ( Fig 5B) . MatrixREDUCE 570 also discovered a short motif that corresponds to the central part of PrfA. This motif 571 presents the particularity of exhibiting, by far, the strongest link with expression data 572 among all the motifs that we discovered (see column FC in Table 1 ). Thus, comparison 573 of our results with those of these four algorithms illustrates the interest of the statistical 574 model described in this work that allows to combine the benefits of the purely 575 sequence-based approaches, like MEME, and the benefits of algorithms that can only 576 find motifs linked to expression data like MatrixREDUCE, FIRE and RED2.
577

Discussion
578
The model and associated trans-dimensional MCMC algorithm provides an integrated 579 framework regulatory motif discovery in bacteria with the help of transcriptome data 580 (exact positions of TSSs and expression profiles). The algirthm adjusts, simultaneously 581 for many motifs and many transcription covariates: the width and palindromic 582 properties of the corresponding position weight matrices, the number of parameters to 583 describe position with respect to the transcription start site, and the selection of the 584 expression covariates that are relevant. Application to L. monocytogenes permitted to 585 validate the approach and detailed predictions are made available for this important 586 pathogen. The program Multiple is freely distributed under a GPL license which gives 587 full access to the source code and make it possible to analyze other data-sets from other 588 bacteria.
589
Allowing motifs to overlap is the cornerstone of the model, since it makes it possible 590 to model occurrence of the different motifs in the same sequence independently from 591 each other. This simplifies not only the model but also MCMC updates and it facilitates 592 the mixing of the algorithm. Importantly, we show here that this modeling prevents 593 different PWM components of the model to converge to the same motif. In this aspect, 594 explicit modeling of motif occurrences overlap appears as a proper statistical framework 595 to implement what [52] named "repulsion" and for which they proposed a heuristic that 596 consists in incorporating ad-hoc repulsive forces between parallel MCMC runs. Binding 597 sites do overlap in bacterial genomes [53] and our choice of modeling the contribution of 598 different motifs that overlap as an average of the nucleotide emission probability density 599 functions (PWM columns) is probably not the most biologically realistic. However, it 600 has the advantage of being the simplest choice. Indeed, we also considered a more 601 complicated model in which PWM columns corresponding to motifs that overlap 602 contribute as a function of their information content. This more complex model satisfies 603 the intuition that if two motifs overlap and one motif has a strong preference for a 604 nucleotide at a particular position whereas the other has no or little preference, the 605 motif with the strong preference tends to "impose" its choice. In S1 Appendix, we refer 606 July 28, 2019 18/29
to this model as the θ-dependent weight mixture model for motif overlaps and describe 607 how it can be implemented. An important drawback of this more sophisticated model is 608 to complicate the dependence structure described in the DAG (Fig 1) by adding an 609 arrow from the PWM parameters θ to the disambiguation variable b. This dependence 610 makes that θ can no longer be marginalized out or updated by direct drawing from its 611 conditional distribution (i.e. in Gibbs manner). By turn, the efficient update that we 612 implemented for the palindromic structure does not work. Thus, our code does not 613 accommodate coexistence of the palindromic structure model and θ-dependent mixture 614 model for motif overlap and we have decided here to focus only on the results obtained 615 with the simplest model of motif overlap. Other extensions of the model that could be 616 envisioned in the future include accounting for multiple occurrences of the same motif in 617 each promoter region and for overlapping promoter regions.
618
Our results show that the choice of incorporating the expression data y as a 619 covariate that helps to model the sequence data x preserves the benefits of the pure 620 sequence based approach grounded on well-established statistical models of DNA 621 sequences, such as implemented in MEME [8] . We also showed that it effectively allows 622 to make use of expression data by automatically selecting the features in expression 623 space that are relevant for each motif on the basis that they improve the probabilistic 624 representation of the sequence (likelihood). This use of external data can be connected 625 to earlier works that have incorporated external data in sequence models for motif 626 discovery via the definition of informative priors in order to favor motif whose 627 occurrences are found in regions of the genome that are more likely to contain binding 628 sites, for instance because they are conserved between species or are depleted in 629 nucleosomes [54] [55] [56] [57] . In our work, the relevant covariates that describe how the 630 probability of occurrence of a motif differs between promoters are automatically selected 631 toghether with the coefficients that specifies their contributions and this is achieved in a 632 simultaneous manner for many motifs. We also show how we can account for covariates 633 with complex structures such as the position in a tree as covariate. The idea of using a 634 tree whose topology and branch lengths reflect similarities between activity profiles is to 635 provide an alternative to the use of a predefined set of co-expression clusters. It is also 636 found in the previous model and algorithm that we specifically developed for de novo 637 discovery of sigma factor binding sites [12] . However, the probabilistic models are 638 completely different. In [12] , the occurrences of the different possible motifs are modeled 639 as resulting from an "evolution" process along the branches of the tree which makes 640 that the sequences that are close in the tree (hence in the expression space) are more 641 likely to harbor binding sites for the same sigma factor. The motivation for introducing 642 here the use of a probit model for modeling x|y was to handle more complex 643 representations of the expression space than a single tree. With our extended probit 644 model, several concurrent description of the expression spaces can coexist (trees, 645 continuous vectors) and the algorithm selects the most relevant, with the possibility to 646 binarize continuous vectors according to automatically adjusted cut-off values.
647
A limitation of our approach is that each run takes several weeks on a data-set like 648 the one studied in this study. Most of the time is spent in the update of a (the positions 649 of the motif occurrences) and thus the time complexity of a MCMC sweep is 650 approximately proportional to the cumulated length of the sequences times the 651 cumulated width of the PWMs plus a small term roughly in the square of the cumulated 652 width for taking into account motif occurrence overlaps. Furthermore, the analysis that 653 we conducted is based on several runs that serve to unambiguously identify peaks in the 654 posterior landscape. These peaks are identified by the convergence of several runs to the 655 same neighborhood in a space of very large dimension. Here, we limited our analysis to 656 10 runs that were conducted in parallel. These 10 runs allowed to identify 40 stable 657 motifs but it would not be very surprising to find several other motifs by adding more 658 July 28, 2019 19/29 runs, since some of the biologically known motifs have only be found by 2 or 3 runs 659 (Rex, Spx, CcpB). Future studies on other data-sets may decide to include more runs.
660
As briefly mentioned in the introduction, L. monocytogenes was well-suited for a 661 proof-of-principle application of the method since it combines good experimental data 662 sets (rich expression data [31] , repertoire of TSSs at single base resolution [30] ) with a 663 body of established biological knowledge available in the literature on its regulatory 664 network that contains features shared with the related Gram-positive model bacterium 665 B. subtilis and features that are specific, such as those involved in pathogenicity.
666
Comparison of our list of 40 motifs with literature data validated the method by 667 proving its ability to re-discover, in a pure de novo manner, regulons of many known 668 transcription factors. In essence, the method is based on the search for 669 "over-represented" motifs whose modeling significantly improves the probabilistic 670 representation of the DNA sequence (as measured in the likelihood). It is thus only 671 adapted to identify the regulons of transcription factors playing the coordinating roles 672 of regulating the expression of several to many transcription units. These so-called 673 global transcription factors are opposed to local transcription factors that account the 674 vast majority of transcription factors in bacteria but regulate only one or a very few 675 target in a specific biological pathway [58, 59] . Global transcription factors have very 676 different roles. Many have been subjected to dedicated transcriptomics experiments in 677 L. monocytogenes, with roles ranging from control of large set of genes involved in the 678 general stress response by SigB [43, 44] to response to specific stresses such as: the 679 so-called SOS response to DNA damage mediated by LexA [60] , response to iron 680 limitation stress mediated by Fur [61] , and response to cell envelope stress mediated by 681 LiaR [51] . In the case of a pathogen like L. monocytogenes, a special attention has also 682 been paid to regulators involved in the coordination of the virulence function such as 683 PrfA and VirR [49, 50, 62] . expression of mptA, a gene involved in the uptake of mannose, and to lead to impaired 708 growth on selected carbohydrates [64] . Indeed, these effects are fully consistent with the 709 functions of other genes in L. monocytogenes SigL regulon [41, 43] .
710
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CodY is a previously studied transcription factor which plays an important role in 711 the regulation of the metabolism of Gram-positive bacteria and was found to also 712 co-regulate motility and virulence pathways in L. monocytogenes [65] . We were initially 713 puzzled to have missed CodY in our predictions but this is not surprising since CodY 714 binds most often downstream the promoter regions analyzed here (ending 20 bp after 715 the TSS) [66] . 716 Our results also contain the first published global de novo predictions for the 717 regulons of several transcriptions factors whose importance is suggested by knowledge in 718 other bacteria such as B. subtilis, but which have not yet been experimentally studied in 719 L. monocytogenes. We find in this category CcpA, Rex, and Spx. CcpA, the Carbon 720 catabolite control protein A, has been deeply studied in B. subtilis, where it stands as a 721 major regulator controlling about 100 operons (see SubtiWiki for details, [67] ). CcpA is 722 also present in Listeria, but has not been really studied, probably because it was early 723 reported to play no role in carbon source regulation of virulence genes [68] . binding sites very close to those of Rex). Among the predicted targets genes, we find for 736 instance lmo1586, encoding an inorganic polyphosphate-ATP-NAD kinase, which is 737 regulated by the non coding RNA RoxS in B. subtilis [70] . Finally, Spx is another key 738 regulator of the response to Redox stresses that detects disulfide stress caused by the 739 oxidation of cysteine residues whose regulon has not yet been studied globally in L.
740
monocytogenes [47, 69] . With 19 predicted targets, the size of the predicted regulon in L. 741 monocytogenes is similar to B. subtilis. Among the predicted targets not identified in B. 742 subtilis we find lmo2072 encoding Rex suggesting an intricated Redox stress response 743 regulation. For our method, we considered the detection of the Spx binding sites as an 744 important achievement since its sequence signature consists of a very short motif with a 745 constrained position of occurrence directly upstream of SigA -35 box that has remained 746 elusive in B. subtilis until the use of dedicated ChIP experiments and regression 747 analyses [45] .
748
One or the motivation of our work was to open a door for the discovery of new 749 important regulons. A very interesting result with respect to this prospect, is the 750 identification of a partially palindromic motif whose central PWM columns corresponds 751 to palindromic consensus ACGTAYYCGT (M58.7 in Table 1 and S1 Fig) . We predicted for 752 this motif at least 27 occurrences that are very consistently found upstream of genes 753 encoding the translation apparatus. These targets include 23 promoter regions 754 upstream of genes encoding ribosomal proteins but are also found upstream lmo2610, 755 lmo1785, and lmo2654, encoding respectively translation initiation factors IF-1 and 756 IF-2, and elongation factor EF-G (see S2 File). In the Gram-positive model bacterium 757 Bacillus subtilis, as well as in Escherichia coli, growth rate directly reflects the 758 availability of resources in the environment [71] . In these cells, a tight coupling between 759 growth and available resources is ensured by a sophisticated regulatory network whose 760 main actors are a GTP pyrophosphokinase (RelA/SpoT) and two key metabolites 761 (ppGpp and GTP) that jointly implement a mechanism known as the stringent 762 July 28, 2019 21/29 response [71, 72] . In both bacteria, the goal of this regulatory mechanism is apparently 763 to decrease (or even stop) the production of the translation apparatus components when 764 the resources in the medium become too scarce. At molecular level, modification of the 765 transcription of the translation apparatus is mediated by the level of ppGpp in E.
766
coli [73] or GTP in B. subtilis [74] and probably also L. monocytogenes which also 767 possesses RelA [75, 76] . Univocal coupling between available resources and growth rate 768 is not necessarily the most appropriate in all circumstances. For instance, it is possible 769 that staying calm is a better strategy against host defense at certain stages of infection, 770 even if the conditions inside the host provides enough nutrients for the growth.
771
Existence of dedicated regulatory mechanisms allowing to keep control of the growth 772 rate, even in the presence of nutrients, may thus not seem unexpected. We hypothesize 773 that the new regulon that we detected in L. monocytogenes may be an instance of such 774 a mechanism whose biological role and regulatory molecules remain to be identified. 
